Introduction
The Drinking Water Surveillance Program (DWSP) of the Ministry of the Environment for the Province of Ontario monitors drinking water quality throughout Ontario, Canada. For the period of 2000 to 2004, the DWSP measured different water quality factors from 179 municipal drinking water supply systems (MWSS) throughout Ontario (MOE 2006) . More than 90% of these MWSS use chlorine as their primary disinfectant. The reactions between natural organic matter (NOM) and chlorine form disinfection by-products (DBPs) in drinking water, which have several groups, including trihalomethanes (THMs), haloacetic acids (HAAs), haloacetonitriles, and haloketones. Epidemiological studies show that increased bladder, colon, and rectal cancers, as well as acute and chronic effects, such as cardiac anomalies, stillbirths, miscarriages, low birth weights, and preterm deliveries, are associated with waters containing higher levels of DBPs Mills et al. 1998; King et al. 2000) . King and Marrett (1996) reported that 14 to 16% of bladder cancers in Ontario, corresponding to approximately 230 to 260 bladder cancer incidents per year, can be attributed to drinking waters containing relatively high levels of DBPs. In Canada, THMs are the only DBP group that is currently regulated; other individual DBPs that are regulated are bromodichloromethane, bromate, and chlorite (Health Canada 2007) . Regulations for HAAs are being developed (Health Canada 2007) . In order to improve the understanding of human health risk from fi nished drinking waters, THMs formation has been extensively investigated since being discovered in 1974. Rodrigues et al. (2007) used fractional factorial experimental designs to investigate THMs formation (assessing NOM as one of the factors) using NOM collected from the Caldeirao dam in Guarda, Portugal. While previously reported investigations have identifi ed pH and reaction time as signifi cant for THMs formation, pH and reaction time were not statistically signifi cant in the Rodrigues et al. study. The experimental design used by Rodrigues et al. (2007) did not include replicates, which could be employed to provide a better estimate of the noise variance for use in assessing statistical signifi cance, and this might have an impact on their conclusions. Rodriguez et al. (2003) predicted THMs formation using multivariate regression models and neural networks for two databases, which were developed from raw waters in nine utilities during 1982 to 1984 and 14 locations of the Mississippi River and its tributaries during 1991 to 1992. The results of Rodriguez et al. (2003) shed light on characteristics of raw water that might have had an infl uence on THMs formation. However, most of the MWSS currently apply pretreatment prior to chlorination, which substantially changes THMs formation potentials (MOE 2006) . Thus, results for raw water characteristics may not entirely refl ect the factors infl uencing THMs formation after pretreatment. Clark et al. (2001) developed kinetic models for THMs formation using synthetic water. This study performed full threelevel factorial designs for three factors (pH, reaction time, and bromide ion concentration), keeping total organic carbon (TOC) and temperature constant; the effects of TOC and temperature were not characterized in their study. Signifi cant numbers of other studies developed models for THMs formation in the past (Rathbun 1996; Amy et al. 1987; Clark and Sivaganesan 1998; Gang et al. 2002; Sohn et al. 2004) . However, these studies did not characterize the effects of individual factors, focusing instead on developing a predictive model using the characteristics of the water samples without employing any planned perturbations to consider simultaneous variation of the factors. A number of other studies characterized the effects of different factors on THMs formation (Stevens et al. 1976; Engerholm and Amy 1983; Singer et al. 1995; Summer et al. 1996; White et al. 2003) . However, these studies mostly varied one factor by keeping the others constant.
A survey of the reported studies indicates that 22 different variables have been considered for implication in THMs formation: TOC, dissolved organic carbon (DOC), pH, ultraviolet light (absorbance at 254 nm [UV 254 ]), chlorine demand, chlorine dose, free residual chlorine, temperature, reaction time, bromide ion concentration, chlorophyll, THMs formation rate constants, ratio between THMs and chlorine consumed, NVTOC (nonvolatile total organic carbon), dimensionless time in treatment plants and distribution systems, dispersion parameter, ammonia nitrogen, summer/spring seasons, algae, and rapid/slow reaction rate constants (Chowdhury and Champagne 2008) . One of the complicating factors in determining signifi cant factors is that some of the factors in this list have been found to be strongly correlated, and some represent similar water characteristics (Chowdhury and Champagne 2008) , e.g., TOC, DOC, and UV 254 . These three factors are surrogate measures of NOM in water. Simultaneous use of more than one of these three variables may introduce confounding effects in models, in which several variables or terms are performing the same role, and can lead to ill-conditioned parameter estimation problems (Montgomery and Runger 2007) .
A complementary perspective can be gained, however, by examining how various factors characterizing water quality vary together naturally (e.g., NOM, pH, temperature) and in the MWSS (e.g., chlorine dose, reaction time), and by examining THMs formation in light of simultaneous variation. Natural water characteristics typically follow a pattern that refl ects aspects of the water source and natural surroundings. THMs formation is infl uenced by this natural variation and the subsequent steps taken in the MWSS for treatment. In particular, correlation is likely to exist between chlorine dose and NOM since operators adjust chlorine dose to account for changes in the characteristics of the natural water. Understanding the variation patterns between water characteristics, treatment, and THMs formation on a large scale is the goal of the study. The Ontario DWSP database provides measurements for a number of the factors in the set of 22 identifi ed above, along with measurements of THMs concentrations and measurements of other factors that might be associated with THMs formation. These measurements are provided over a fi ve year period The properties of source waters in the Ontario DWSP database before and after pretreatment are shown in Table 1 . Pretreatment reduces NOM (measured as DOC), which substantially reduces THMs formation.
In treatment plants, a portion of chlorine reacts with reduced substances in the water, such as Fe 2+ , Mn
2+
, and S 2- (Gang et al. 2002) , while NOM consumes most of the chlorine (Rodriguez et al. 2002) . The reactions are further complicated by the presence of ammonia, which can form combined chlorine (e.g., monochloramine, dichloramine) for chlorine to ammonia mole ratios <1 (Connel 1997; MWH 2005) . With further addition of chlorine, a fraction of the chloramines is converted into nitrogen trichloride, and the remaining chloramines are oxidized to nitrous oxide and nitrogen, with the chlorine reduced to chloride ions (White 1999) . The chlorine utilized by the reduced substances is typically small and not associated with THMs formation (Rodriguez et al. 2002) . In this study, correlations among factors and THMs formation were analyzed for the pretreated samples from the Ontario DWSP database using graphical and quantitative (Principal Components Analysis) techniques. The paper begins by describing the DWSP and the characteristics of the water. Correlations and matrix scatterplots are then used to provide a preliminary indication of correlation patterns, and to determine whether some of the codependencies are nonlinear (these might not be detected by correlation which identifi es systematic linear relationships). The results of the principal components analysis (PCA) are then summarized, and the conclusions drawn are compared with results from previous controlled studies. Finally, a similar investigation to identify the most important factors for HAAs formation is provided.
Sampling and Data Statistics
The Ontario Ministry of the Environment has developed sample collection and handling guidelines which were followed by the DWSP to collect and preserve water samples (MOE 2003) . Grab sampling methods were used by the DWSP in accordance with the Drinking Water System Regulation (DWSR 2003) . The samples from raw/treated water and distribution systems were collected on a regular basis and analyzed in laboratories of the Ministry of the Environment and the Ministry of Labour in Ontario. The raw water samples were collected prior to the treatment, typically from the intake points. The raw waters are generally pretreated using one or more of the following physical/chemical treatment processes (screening, coagulation/fl occulation, mixing, settling, and fi ltration) to reduce DBPs precursors, turbidity, and pathogens (Edzwald 1993; Chowdhury et al. 2007 ). For treated waters, samples were collected from treatment plants after pretreatment, and, for the groundwater-sourced plants, raw water samples were collected from individual wells, while the treated water samples were collected from reservoirs. The samples from the distribution systems were collected to account for elevated storage tanks, dead ends, ageing water mains, distribution loops, cross connections/back fl ows, chlorine booster stations, and extremities of the distribution systems. The samples were collected headspace-free using 40-mL EPA type glass vials or 250-mL glass bottles in duplicate and preserved in refrigerators in the dark at 5 ± 3°C before analyses. Sodium thiosulphate was used to preserve the samples. The samples were analyzed within 14 days of collection following standard analytical protocols (APHA 1995; MOE 2001 MOE , 2003 DWSR 2003) . The methods, which are used by the Ontario Safe Drinking Water Act following regulation 169/170, were followed in the laboratory analyses (LSB 2003; DWSR 2003) . In determining the THMs and DOC, the LSB (Laboratory Services Branch) followed OPOV-E3144 and ROM-E3370 methods, respectively.
The DWSP survey included factors that might be associated with THMs formation, and provided an indication of THMs variability for 179 MWSS. A number of MWSS (Ear Falls, Fauquier, Smith Falls, Bourget Well Supply, Clarence Creek Well Supply, Norwich, Dunnville, Bayside, Innisfi l, and Walpole Island) reported high levels of chlorine doses (10.2 to 53.7 mg/L), while the chlorine doses for the bulk of the treatment plants were much less (less than 10.1 mg/L). The high chlorine levels could be due to specifi c needs of those MWSS to produce the required free residual chlorine. In addition, some MWSS (St. Pascal, Ottawa Britannia, Hearst, Ottawa Lemieux Island, Bourget, Clarence Creek, Chapleu, Mattice, and Sault Ste. Marie) use postchloramination. The other MWSS use chlorine (chlorine gas, liquid sodium/calcium hypochloride) to disinfect water prior to distribution. The formation of THMs in the plants and distribution systems using chloramine may be different than the others using chlorine. The remaining 162 MWSS were analyzed in this study.
The chlorine dose, total chlorine, combined chlorine, and free residual chlorine, as well as THMs concentrations for the 162 MWSS are shown in Table 2 . The mean chlorine dose for the 162 MWSS was calculated to be 2.64 mg/L with a range of 0.14 to 10.1 mg/L. The THMs concentrations varied between 0.5 to 273 μg/L with a mean of 31.6 μg/L in the water treatment plants, while the mean THMs concentration was observed higher in the water distribution systems (40.2 μg/L) with a range of 0.5 to 289 μg/L. The data show that 80 to 90% of THMs were formed in the treatment plants (TP), while 10 to 20% was formed in distribution systems (DS). The averages of total chlorine were 1.32 and 0.81 mg/L in the TP and DS, respectively. The free residual chlorine had a mean of 0.98 mg/L in the TP and 0.54 mg/L in the DS, while the combined chlorine had a mean of 0.38 mg/L in the TP and 0.31 mg/L in the DS (Table 2 ). The DOC in the raw water had a mean value of 4.1 mg/L, while it was 2.6 mg/L for treated waters; DOC has been noted as the main precursor of THMs and HAAs formation (Rodriguez et al. 2003; Sohn et al. 2004 ). The statistical distributions of THMs, DOC, chlorine dose, pH, total chlorine, and temperature are shown in Fig. 1 . The distributions for pH and total chlorine were found to be relatively symmetric, while those of the remaining variables were generally asymmetric with long upper and lower tails. The outliers in Fig. 1 were excluded from the analyses to avoid possible biasing effects. 
Multivariate Analyses
Pairwise correlations and scatterplots. Although subsets of the 22 different variables listed earlier have been previously used in the modelling of THMs formation, the DWSP database did not include each of these 22 variables. After careful review of previous models, correlation patterns, and available measurements, the following twelve variables were identifi ed as having possible infl uence on THMs formation: chlorine dose, total chlorine, combined chlorine, free residual chlorine, pH, temperature, turbidity, alkalinity, colour, hardness, DOC, and dissolved inorganic carbon (DIC). The combined chlorine is the difference between total chlorine and free residual chlorine, and alkalinity in natural water is mostly contributed by the bicarbonates, which is essentially the amount of total DIC (APHA 1995). Consequently, combined chlorine and DIC were omitted from the analyses.
In this study, correlation analyses for the ten remaining variables (DOC, colour, pH, alkalinity, hardness, turbidity, temperature, chlorine dose, total chlorine, and free residual chlorine) were performed using data from the water treatment plants. The data were analyzed in two groups: (1) surface water-sourced plants, and (2) groundwater-sourced plants. All computations were performed using the JMP statistical package.
Correlation analyses: surface water-sourced plants.
The correlations amongst the variables are summarized in Table 3 . The chlorine dose had a weak correlation with total chlorine, and a strong correlation with free residual chlorine (r = 0.31 and 0.78, respectively). The DOC had a moderate correlation with colour (r = 0.55), and alkalinity had a strong correlation with hardness (r = 0.84). The formation of THMs had statistically signifi cant correlations with DOC, colour, pH, temperature, total chlorine, and chlorine dose (Table 3) . However, chlorine dose, total chlorine, and free residual chlorine arise from the same phenomenon, namely chlorination. As such, it is important to identify the most representative variable and its correlation with the other variables of this group. Some variables in this group were correlated: for instance, chlorine dose and free residual chlorine (Table  3 ). The correlations of THMs with turbidity, alkalinity, and hardness were not statistically signifi cant (Table  3) . Considering chlorine dose from the chlorine group and DOC, colour, pH, and temperature, the pairwise comparisons are summarized in Table 4 and indicate strong to modest correlations between THMs and DOC (r = 0.78), THMs-chlorine dose (r = 0.59), and THMscolour (r = 0.48). Relatively weaker correlations were observed between THMs and pH (r = 0.24) and THMs and temperature (r = 0.16). From these data, DOC was found to be correlated with chlorine dose (r = 0.66) and colour (r = 0.56). Figure 2 depicts correlations through a scatterplot matrix, which assisted in the identifi cation of nonlinear codependencies. Plots of THMs to DOC; DOC to chlorine dose; and DOC to colour were found to have a systematic linear trend in Fig. 2 . The correlation between DOC and chlorine dose likely refl ects the operating policies of the MWSS. As DOC increases, operators are likely to add more chlorine to ensure disinfection and appropriate free residual chlorine. This correlation refl ects the "feedback" present in the operating data.
Correlation analyses: groundwater-sourced plants.
The groundwater correlation analysis presented slightly different correlations than those of the surface water-sourced plants. Chlorine dose was found to be moderately correlated with total chlorine (r = 0.43) and strongly correlated with free residual chlorine (r = 0.91), while hardness was well correlated with alkalinity (r = 0.7) and DOC and colour were moderately correlated (r = 0.63). The correlation pattern between the factors and THMs were: DOC (r = 0.57), chlorine dose (r = 0.55), pH (r = 0.31), temperature (r = 0.2), and colour (r = 0.13). In groundwater data, the correlation of DOC with THMs (r = 0.57) was smaller than that of the surface water data (r = 0.78). The pH was been found to have slightly higher correlation with THMs in groundwater (r = 0.31) than that of the surface water data. However, the correlation between DOC and colour was found to be fairly consistent in all cases (groundwater [r = 0.63] and surface water [r = 0.56] data). Chlorine dose was selected for further analysis. The correlation analysis for THMs is summarized in Table 5 . The scatterplot matrix for these variables is shown in Fig. 3 . The DOC-colour and THMs-DOC pairs were found to exhibit similar trends as found in surface water data (Fig. 3) . Moderate to weak correlations were noted for the THMs-DOC dose, THMs-chlorine dose, DOC-colour dose, colour-chlorine dose, and DOC-chlorine dose (Table 5 ). The results obtained from repeating the pairwise comparison with the inclusion of possible outliers indicated that DOC was correlated with THMs (r = 0.61) and chlorine dose (r = 0.4). The correlation for the groundwater data were fairly similar to those obtained for the same pairs in the analysis of the surface water data. Temperature and pH had positive effects on THMs formation in both cases, which was in agreement with the previous studies.
Fig. 3. Scatter plot matrix for parameters (groundwater data analysis).

Principal component analysis (PCA).
PCA is a multivariate statistical technique that decomposes the correlation structure of the data, leading to the identifi cation of patterns and contrasts in datasets (Jackson 1991) . PCA transforms correlated variables into new uncorrelated variables by defi ning principal components. By examining the original variables associated with a principal component, patterns of variation in which a subset of the original variables take values in a systematic pattern can be identifi ed. PCA also helps to reduce dimensionality of data, allowing the bulk of the variation in the data to be represented using a smaller number of transformed variables (Wold et al. 1987; Jackson 1991) . In recent years, PCA has been applied in water quality data analyses, bioremediation, and environmental monitoring (Bengrane and Marhaba 2003; Praus 2005; Hon et al. 2006; Mrklas et al. 2006; Rao et al. 2006) . PCA is usually applied by fi rst mean-centering the data and scaling each variable by its standard deviation (Wold et al. 1987; Smith 2002) . The PCA calculation itself can be considered as either computing singular value decomposition (SVD) on the scaled and centered data matrix, or computing eigenvector decomposition on the X T X matrix, where X is the data matrix (Jackson 1991) . When the scaling has been performed, the eigenvalues represent the fraction of total variation explained by the principal component (Jackson 1991) . Intuitively, the PCA algorithm can be considered as follows: for n original variables, n principal components are formed by: (i) fi nding the linear combination (principal component) of the original variables explaining the greatest possible variance; and (ii) successively fi nding each principal component having the greatest possible variance that is uncorrelated (orthogonal) with all previously defi ned components. This restriction on correlation with the previous components ensures that each new component will have a lower variance than its predecessor. The linear combinations that make up a principal component are found from the elements of the eigenvectors from the eigenvector decomposition.
The loadings in PCA represent the extent to which each original variable contributes to the principal component. The loading values themselves correspond to the elements in the eigenvectors from the eigenvector decomposition. The correlation structure in the data can be analyzed by examining the patterns of the loadings and identifying clusters of the original variables that contribute to specifi c principal components. The loadings can be summarized graphically by using bar charts to represent the loading values for a single principal component (Fig. 4) , and by plotting pairs of principal component loadings against each other (Fig. 5) . The bars in Fig. 4 identify the original variables that contributed signifi cantly to the given principal component, while the scatterplots (Fig. 5) identify clustering of the original variables in the principal components. A threshold value of 0.4 was used to judge whether a principal component loading was large or not. This threshold is somewhat arbitrary; more rigorous thresholds could be developed using statistical arguments, but the threshold Fig. 4 . Loading charts for (a) surface water data, and (b) groundwater data. (1. chlorine dose; 2. total chlorine; 3. free residual chlorine; 4. pH; 5. temperature; 6. turbidity; 7. alkalinity; 8. colour; 9. hardness; 10. DOC). of 0.4 suffi ces to distinguish between larger and smaller loading magnitudes. In this study, PCA was applied to the surface water and groundwater data separately. For each set of data, ten variables were analyzed: (1) chlorine dose; (2) total chlorine; (3) free residual chlorine; (4) pH; (5) temperature; (6) turbidity; (7) alkalinity; (8) colour; (9) hardness; and (10) DOC. The variables were scaled and mean-centered prior to the application of PCA. The statistical package JMP was used to perform the PCA computations.
Loadings of variables: surface water-sourced plants.
From Figure 4a (i), it can be noted that chlorine dose (1), total chlorine (2), free residual chlorine (3), colour (8), and DOC (10) contributed signifi cantly to the fi rst principal component (PC1). Since these variables were associated with colour/DOC and chlorine dose, PC1 was related to the organic contents of the water. Principal component 2 (PC2) was primarily associated with chlorine dose (Fig. 4a[ii] ). Principal component 3 (PC3) had signifi cant loadings for pH (4) and alkalinity (7), while temperature (5) and hardness (9) also had loadings close to 0.4 (Fig.  4a[iii] ). Thus, PC3 is associated with the inorganic characteristics of the water (acidity/alkalinity, hardness, and inorganic carbon), as well as temperature. Pairwise scatterplots of the loadings can be examined to identify clusters of variables explaining signifi cant components of variability. The plot of PC1 versus PC2 loadings in Fig.  5a (i) confi rmed that chlorine dose (1) was signifi cantly associated with both PC1 and PC2. On the other hand, total chlorine (2), free residual chlorine (3), colour (8), and DOC (10) were associated with PC1 only. Because of this clustering, it can be concluded that PC1 was associated with chlorination and organic contents, while PC2 was associated with chlorine dose only. This suggested that chlorination varied signifi cantly in MWSS across Ontario, associated in part with organic contents in the water. The plot of PC1 versus principal component 3 (PC3) (Figure 5a [ii]) indicated clear distinction between variables associated with PC1 and PC3. PC1 was associated with chlorine dose (1), total chlorine (2), free residual chlorine (3), colour (8), and DOC (10). Conversely, PC3 was associated with pH (4), temperature (5), alkalinity (7), and hardness (9). The plot of PC2 versus PC3 (Fig. 5a[iii] ) also depicted distinction between clusters associated with PC2 and PC3. Again, PC2 was associated with chlorine dose (1), while PC3 was associated with pH (4), temperature (5), alkalinity (7), and hardness (9). Summarizing, PC1 represented chlorination and organic contents in the water, PC2 represented chlorination, and PC3 represented inorganic properties (acidity, alkalinity, hardness) and temperature of water. It is anticipated that one or two variables from each cluster may be required for modelling THMs formation.
Loadings of variables: groundwater-sourced plants.
Figures 4b and 5b summarize the PC loadings for the groundwater data. As shown in Fig. 4b(i) , the signifi cant loadings for PC1 were chlorine dose (1), free residual chlorine (3), and DOC (10), with loadings for total chlorine (2) and colour (8) lying very close to the threshold value of 0.4. Consequently, PC1 for groundwater-sourced data was comparable to PC1 for surface water-sourced data, and it can be concluded that PC1 for each case corresponds to organic content and chlorination. PC2 for the groundwater case differed from PC2 for the surface water case with signifi cant loadings identifi ed for chlorine dose (1), free residual chlorine (3), pH (4), temperature (5), and DOC (10) for groundwater, compared with chlorine dose (1) only for surface water (Fig. 4b[ii], 4a[ii] ). Hence, for groundwater sources PC2 was associated with chlorination, acidity, temperature, and organic contents of the water. PC3 for groundwater also differed from its counterpart for surface water, with signifi cant loading for temperature (5), and loadings for pH (4) and colour (8) close to the threshold value (Fig.  4b[iii] ). The types of signifi cant loadings for PC3 in the groundwater case were still associated with inorganic properties (acidity) and temperature, however, colour was also a signifi cant factor. This raised the question of whether colour was also associated with the inorganic properties of the water (e.g., mineral content), or whether organic contents were also associated with PC3 for groundwater. Given that other factors associated with organic contents (in particular, chlorination-related variables) were not signifi cant, it was possible that colour in groundwater could be associated with inorganic contents.
The clustering of loadings between PC1 and PC2 for groundwater (Fig. 5b[i] ) was much looser than the corresponding clustering for surface water (Fig. 5a[i] ). This could be partly due to the fewer observations available for groundwater MWSS compared with surface water observations, which constitute the largest part of the DWSP database. However, there were also distinct differences in the loading pattern for PC2 between the surface and groundwater cases. In ground waters, chlorine dose (1), total chlorine (2), free residual chlorine (3), colour (8), and DOC (10) contributed signifi cantly to PC1 and, as noted above, PC1 was associated with organic contents and chlorination. Chlorination also appeared with a signifi cant loading in PC2, through loadings for chlorine dose (1) and free residual chlorine (3), along with pH (4), temperature (5), and DOC (10). In the groundwater case, PC1 was associated with organic contents and chlorination, while PC2 was associated with organic content, chlorination, acidity, and temperature. In particular, free residual chlorine (3) and DOC (10) stood out in Fig. 5b(i) as having signifi cant loadings for both PC1 and PC2.
The loadings plot of PC1 versus PC3 (Fig. 5b [ii]) indicates that PC1 was associated with chlorine dose (1), total chlorine (2), free residual chlorine (3), colour (8), and DOC (10). PC3 was associated with temperature (5), pH (4), and colour (8). The plot of PC2 versus PC3 (Fig.  5b [iii]) shows that pH (4) and temperature (5) played signifi cant roles in both PC2 and PC3, in contrast to the clear separation of loadings observed between PC2 and PC3 for the surface water case. PC2 was associated with chlorine dose (1), free residual chlorine (3), pH (4), temperature (5), and DOC (10), while PC3 was associated with pH (4), temperature (5), and colour (8). Summarizing, for the groundwater-sourced MWSS, PC1 represented organic contents and chlorination, PC2 represented organic contents, acidity, chlorination, and temperature, while PC3 represented temperature and inorganic properties of the water. The primary difference between the correlation patterns for surface water and groundwater-sourced MWSS was in PC2, which for surface water was associated with chlorination, while in the groundwater case it was associated with chlorination, organic content, acidity, and temperature. The analyses of the DWSP data sets by PCA showed that approximately 80% of the total variability of data was represented by the fi rst three principal components.
Discussion
The DWSP data were reported from regular monitoring for fi ve years (2000 to 2004) of 179 MWSS in Ontario (Canada) . The variability in the DWSP data has made it diffi cult to identify patterns through a simple examination of individual constituent values and locations. To obtain a more defi nitive picture of the signifi cant variables in a MWSS that might have an effect on THMs formation, it was necessary to perform a multivariate statistical investigation of these data. Although ten variables were analyzed from the DWSP dataset, only a few of these variables were found to be signifi cant, and not all of the variables were found to be independent. Insights regarding how physical characteristics occur together were obtained by analyzing the correlation structure in the DWSP dataset using pairwise correlations, scatterplots, and PCA. The DOC was found to have a strong correlation with THMs concentrations, with correlation coeffi cients of 0.78 and 0.57 respectively for surface water and groundwater data. This was in agreement with results obtained in previous studies (Singer and Chang 1989) . Colour and DOC were found to be correlated (r = 0.56 to 0.63) and clustered throughout the analyses. The correlation between chlorine dose and free residual chlorine varied throughout the analyses, but was found to be strong (0.78 to 0.91). The THMs concentrations were found to have signifi cant correlations with chlorine dose (0.55 to 0.59). For waters that are pretreated, the concentrations of reduced substances are generally insignifi cant, and thus chlorine dose can be a signifi cant factor for THMs formation. Free residual chlorine generally varied in the range of 0.03 to 3.05 mg/L in Ontario (MOE 2006) , and this free residual chlorine was found to have an insignifi cant effect on THMs formation (Table 3) .
Temperature had signifi cant loading for PC3 in surface water data and for PC2 and PC3 in groundwater data, and was found to be correlated with THMs throughout the analyses. The correlations of temperature with THMs were weak (r = 0.12 to 0.2) but statistically signifi cant (Table 4 and Table 5 , p < 0.05). The pH was found to have signifi cant loading on PC3 of the surface water and groundwater data, and on PC2 for the groundwater data. The pH was found to be correlated with THMs (r = 0.21 to 0.31) throughout the analyses (Tables 4 to 5 ), which was also statistically signifi cant (Table 4 and Table 5 , p < 0.05). Stevens et al. (1976) performed bench-scale experiments on Ohio River water at the Cincinnati treatment plant by varying temperature and pH respectively. The formation of THMs was found to be 1.5 to 2 times higher at each stage of temperature change (3 to 25 and 25 to 40°C). Similar fi ndings were noted for pH change (30 to 50% increase of THMs while pH was changed from 7 to 11. However, Stevens et al. (1976) did not incorporate simultaneous variability of the other factors during their experiments, for example, as to whether the impact of pH on THMs formation would be different at different values of temperature or DOC.
In the natural systems, factors such as DOC and chlorine content vary temporarily and spatially in addition to pH and temperature. The analyses summarized in this paper have investigated correlation patterns amongst many factors that might infl uence THMs formation in a natural environment. In the multivariate analyses presented here, the effects of DOC, chlorine dose, pH, temperature, and colour were simultaneously determined. It is likely that DOC and chlorine dose have the highest effects on THMs formation. The pH and temperature are the next important factors as determined throughout the analyses. The concentrations of bromide ion were not available in the DWSP data and, thus, an analysis of the effect of bromide ion concentrations could not be presented here. The presence of bromide ions in chlorinated water typically leads to the increased formation of brominated THMs (Nokes et al. 1999 ). Due to the potential concerns of brominated THMs on human health, it would be important to study the effects of bromide ions on brominated THMs. In this study, separate investigations were performed to determine the effects of different factors on HAAs formation; for these investigations, the same input factors were considered. With the exception of pH, all other factors have similar effects on HAAs formation. At higher pH, HAAs show decreasing trends, which may be attributed to hydrolysis of many halogenated DBPs at higher pH (Krasner et al. 1989; Singer 1994) .
Conclusions
Disinfection for drinking water is a requirement for MWSS in Ontario. However, the formation of DBPs is of concern because of their possible effects on human health. The Ontario DWSP data, collected over a period of fi ve years (2000 to 2004) , were analyzed in this study using pairwise correlations, matrix scatterplots, and PCA. Important variables were identifi ed, and the sensitivity of the results to possible outliers has been investigated. The DWSP data analyses identifi ed DOC and chlorine dose as the factors having the strongest association with THMs formation, with pH and temperature having signifi cant but relatively less association with THMs formation. The THMs in the distribution systems were found to be higher than those of the treatment plants, as anticipated, indicating possible effects of reaction time on THMs formation through slow reactions with the residual organics in the water distribution pipes. For the surface water data, the three largest principal components, accounting for 80% of the variability in the dataset, were associated with a) chlorination and organic content, b) chlorination, and c) inorganic properties (acidity/alkalinity, hardness) and temperature. For the groundwater data, the three largest principal components, accounting for 76% of the variability in the dataset, were associated with a) chlorination and organic content, b) organic content, acidity, chlorination, and temperature, and c) inorganic properties (acidity/alkalinity and hardness) and temperature. The insight gained in this analysis has formed the basis for an experimental investigation of factors infl uencing THMs formation using statistical design of experiments approaches.
